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Figure 1. Description of personalized open-vocabulary semantic segmentation (personalized OVSS). (a) While existing OVSS models
require detailed descriptions to find ‘my mug cup’, personalized OVSS enables to find it directly. (b) Given a few images and masks of
my personal concept (e.g. my plush toy), our proposed framework finetunes an existing OVSS model to distinguish the personal concept
among objects within the same class (e.g. my plush toy among multiple plush toys).

Abstract

While open-vocabulary semantic segmentation (OVSS) can
segment an image into semantic regions based on arbi-
trarily given text descriptions even for classes unseen dur-
ing training, it fails to understand personal texts (e.g. ‘my
mug cup’) for segmenting regions of specific interest to
users. This paper addresses challenges like recognizing
‘my mug cup’ among ‘multiple mug cups’. To overcome
this challenge, we introduce a novel task termed personal-
ized open-vocabulary semantic segmentation and propose a
text prompt tuning-based plug-in method designed to rec-
ognize personal visual concepts using a few pairs of images
and masks, while maintaining the performance of the orig-
inal OVSS. Based on the observation that reducing false
predictions is essential when applying text prompt tuning
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to this task, our proposed method employs ‘negative mask
proposal’ that captures visual concepts other than the per-
sonalized concept. We further improve the performance by
enriching the representation of text prompts by injecting vi-
sual embeddings of the personal concept into them. This
approach enhances personalized OVSS without compromis-
ing the original OVSS performance. We demonstrate the
superiority of our method on our newly established bench-
marks for this task, including FSSP*", CUBP*, and ADEP®".

1. Introduction

Due to the recent advances in large-scale vision-language
models (e.g. CLIP [32]), open-vocabulary semantic seg-
mentation (OVSS) [37, 38], the task of performing seg-
mentation with a set of arbitrary open-vocabulary texts, has
recently shown large improvements. Unlike traditional se-
mantic segmentation [5] that is limited to making segmen-
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Figure 2. How personalized open-vocabulary semantic segmentation (personalized OVSS) differentiates with existing tasks. Few-shot
segmentation utilizes a few images and masks for capturing a certain visual concept (e.g. pokeball), without considering making predictions
with an arbitrary set of words. While OVSS predicts objects with an arbitrary set of vocabulary (e.g. table and orange), it fails to recognize
a given visual concept (e.g. pokeball). Unlike the two tasks, personalized OVSS recognizes the personal concept along with its original
OVSS predictions. Additional to the novel task, we also propose a plug-in method applicable to existing off-the-shelf OVSS methods.

tation predictions within a fixed set of categories, OVSS
enables to segment regions with arbitrary classes that are
not used during the training phase. Such models are crucial
for deploying semantic segmentation models in real-world
applications (e.g. robot assistants) since we may encounter
novel objects that were unseen during training.

Despite the recent remarkable improvements in
OVSS [8, 25, 37-40, 43], segmenting the region based on
user’s interests using unseen categories has been underex-
plored. For example, as shown in Fig. 1 (a), recognizing
‘my mug cup’ among a number of mug cups in a cupboard
is challenging for existing OVSS studies. The main reason
is that they are designed to distinguish between mug cups
and other classes (e.g. bottles and plastic cups) rather than
identifying a certain mug cup among several mug cups.
This feature is important when considering its application
in real-world scenarios. For example, with current OVSS
models, we have to provide detailed descriptions to ask
our robot assistant to identify ‘my mug cup’, which is
cumbersome. On the other hand, personalized OVSS
enables the robot assistants to identify ‘my mug cup’ even
without such detailed descriptions.

Although there is another group of studies that focuses
on learning certain visual concepts using few images and
masks, referred to as few-shot segmentation [11, 15, 24],
these studies fall short in two key aspects for this partic-
ular task. First, they are not designed to perform open-
vocabulary segmentation, which is crucial for real-world
applications that need to recognize a wide range of objects.
Second, they do not consider identifying the personal vi-
sual concept among objects sharing the same category (e.g.
finding ‘my plush toy’ among other plush toys). As de-
scribed in Fig. 2, we propose a new task termed personal-
ized open-vocabulary semantic segmentation, which aims
to segment regions of user’s interest by using an arbitrary
set of words and learning personal visual concepts with few
images and masks. The main goals of this task are to 1)
recognize the given personal concept and 2) maintain the
original OVSS performance. While Yo’LLaVA [29] re-
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cently focuses on personalized visual question answering
using large multimodal models, learning personal concepts
along with open-vocabulary segmentation models trained
on large-scale datasets has been underexplored, despite its
importance in practical applications requiring personalized
object recognition.

In this paper, along with our newly proposed task, we
propose a simple yet effective method that can be applied to
off-the-shelf pretrained OVSS models. We first utilize text
prompt tuning, which focuses on learning the newly given
visual concept using an additional learnable textual embed-
ding. While such an approach indeed recognizes the per-
sonal visual concept at a reasonable level, it is accompanied
by an increased number of false positive predictions. To
address such an issue, we propose a ‘negative mask pro-
posal’ that adds a mask to focus on learning the regions
other than the personalized concept. Through the negative
mask proposal, we prevent the model from making overcon-
fident predictions during text prompt tuning. Additionally,
we further improve the performance by injecting the visual
embeddings extracted from a pretrained image encoder (e.g.
CLIP [32]) into the textual embedding.

The contributions of our work are as follows:

To the best of our knowledge, this is the first work to pro-
pose the task termed personalized open-vocabulary se-
mantic segmentation, which segments images with both
an arbitrary set of words and the given personal visual
concept included in a few pairs of images and masks.

We propose a simple yet effective plug-in method appli-
cable to existing open-vocabulary segmentation models,
which performs text prompt tuning with visual informa-
tion injected and a negative mask proposal.

We achieve state-of-the-art performance on three newly
established personalized open-vocabulary segmentation
benchmarks, including FSSP®', CUBP®", and ADEP®".

2. Related Work

Open-Vocabulary Semantic Segmentation. In order to
enable segmentation models to segment images with unseen



categories, previous open-vocabulary segmentation mod-
els [1, 3, 9, 37] have concentrated their efforts on mapping
the visual features to the semantic space. Recently, the en-
hanced capacity of cross-modal alignment (e.g. CLIP [32])
has led to a proliferation of studies utilizing pretrained
vision-language models for OVSS [8, 10, 14, 20, 31, 38—
40, 43]. Side Adapter Network (SAN) [40] attaches a
lightweight side network to a pretrained CLIP, which fo-
cuses on predicting mask proposals while leveraging the
features of the original CLIP. Also, based on the ob-
servation that the representation space of the Diffusion
model [33] is semantically differentiated and localized well,
Open-vocabulary DIffusion-based panoptic SEgmentation
(ODISE) [38] leverages the image encoder of diffusion
models for segmenting images into open-vocabulary labels.
Although such models show superb performance on OVSS,
they exhibit shortcomings in segmenting regions of user’s
interest. To address these challenges, this paper proposes
a plug-in method applicable to off-the-shelf OVSS models,
enabling the learning of new visual concepts.
Personalization of Semantic Segmentation. Perform-
ing semantic segmentation for the objects of specific in-
terests included in one or a few exemplary images, re-
ferred to as personalization of semantic segmentation or
few-shot segmentation, has recently received significant at-
tention [16, 21, 23, 27, 36, 42, 49]. This interest is largely
attributed to the recent advent of large vision foundation
models (e.g. SAM [19] or DINOv2 [30]), which are pre-
trained with large-scale datasets. By utilizing their well-
generalized knowledge, performing segmentation on spe-
cific visual concepts, even with fine-tuning a small num-
ber of parameters, has become feasible [36, 42, 49]. One
straightforward approach for the personalization of seman-
tic segmentation is fine-tuning the text prompts. Despite
their outstanding performances, previous studies in the per-
sonalization of semantic segmentation fail to incorporate
their task with open-vocabulary segmentation. As afore-
mentioned, semantic segmentation models in real-world
applications may encounter unseen classes, so personal-
ization of semantic segmentation with novel categories
is essential for their applicability. While several meth-
ods [2, 7, 10, 36, 49] have shown the capability to segment
novel concepts using few-shot samples and masks, they are
either not designed for, or limited in, distinguishing person-
alized concepts among objects within the same class (e.g.,
identifying ‘my bird” among ‘multiple birds’). To this end,
we propose a simple yet effective plug-in method for per-
sonalized OVSS along with our newly established bench-
mark.

3. Method

Before diving into our proposed method, we briefly explain
the widely used standard prediction process of OVSS mod-
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Figure 3. Increased false positives with text prompt tuning. Light-
blue pixels and the label ‘<my bird>" indicate predictions on the
personalized concept. The first and second rows show results on
positive and negative samples, respectively. In the second row,
prompt tuning causes false positives, misclassifying a different
bird as ‘<my bird>’ instead of bird. In contrast, our method cor-
rectly labels other birds as bird.

els [38, 40]. We have the textual embeddings for open-
vocabulary segmentation T € RV *P where V and D refer
to the open-vocabulary size and the feature dimension, re-
spectively. We also have mask embeddings Z € RV*P,
where N indicates the number of masks. We compute the
similarity between words and masks S = T - ZT, where
S € RV*N . Then, by using the similarity map S and the
mask proposals M € R16% 76 %N we obtain the final pre-
diction output P = M x S”, where P € R16* 16XV, We
resize P to the original image size for the evaluation.

3.1. Text Prompt Tuning

Fig. 4 describes the overall procedure of our proposed
method. Our method first utilizes text prompt tuning
to learn the personal visual concept with a few pairs of
images and masks. Performing text prompt tuning for
fine-tuning the pre-trained vision-language models such as
CLIP [32] has been widely used in various multimodal stud-
ies [12, 13, 17, 35, 46, 47]. While there are various ways
for text prompt tuning, we initialize a learnable embedding
vector with textual embedding using the class name of the
visual concept we want to personalize. Then, we forward it
to the off-the-shelf OVSS model (e.g. SAN [40]) along with
the original textual embeddings for open-vocabulary seg-
mentation Topen € RVY*D_ In other words, our learnable tex-
tual embedding Tper € R'*P is concatenated to Topen, lead-
ing us to have final textual embeddings T = [Topen; Tper|-
For training the learnable textual embedding, we follow the
loss functions used in existing open-vocabulary segmenta-
tion models. Specifically, we utilize a dice loss Lgjce, @
binary cross-entropy loss L. for mask generation, and a
cross-entropy loss L.;s for mask recognition. The total loss
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Figure 4. Overview of our proposed method. (a) We additionally use a learnable textual embedding Ty, to existing textual embedding
Topen, Which focuses on learning the personal visual concept. Given existing mask embedding Zopen and mask proposal Mgpen, We obtain
Z,s and M, by forwarding to Wz and Wy, which we add to the original mask embedding and mask proposals, respectively. (b) We
obtain a masked visual embedding using an image encoder (e.g. CLIP), and we interpolate it with Tper to enrich the information of personal

concept.

is as follows,
‘CSE.‘J = /\1£dice + )\2£bce + )\SLClsa (1)

where A1, Az, and A3 are loss weights. We set the loss
weights following OVSS models we use [38, 40].

3.2. Negative Mask Proposal

While text prompt tuning recognizes the personal visual
concept well, we observe that it may lead to increased false
positives. Fig. 3 well describes our findings, where we ex-
amine whether the visual concept of ‘my bird’ is distin-
guished among various types of birds via text prompt tun-
ing. When personalizing the OVSS model on the concept of
‘my bird’, text prompt tuning recognizes it well (Fig. 3, first
row). However, when an image of a different bird is given as
the test sample, the model using text prompt tuning also pre-
dicts it as ‘my bird’, indicating that it misrecognizes other
similar concepts as the personal visual concept, which leads
to increased false positives (Fig. 3, second row). Since one
of the goals of this task is to maintain the original OVSS
performance, reducing false positives is important. Based
on this observation, we propose a negative mask proposal to
prevent the model from making false positive predictions.

While not a segmentation work, similar tendency was
also observed in recent work, Yo’LLaVA [29], which states
that performing personalization with LLaVA [22] using
only positive samples leads the model to always answer
that the interested subject is in the photo, regardless of the
question. While Yo’LLaVA necessitates collecting a non-
trivial number of negative samples with the same class to
address this issue, our method does not require such a labor-
intensive process.

Regarding the mask embeddings, we have the original
mask embeddings Zopen € RN*P. Then, we obtain a neg-
ative mask embedding Z,., € R'*P by performing lin-
ear combination of Zgpe, using the learnable weight W7 €
R1*N which is formulated as,

Zneg = WZZopen- (2)

We concatenate Zpe, t0 Zgpen that gives us Z =
(Zopen; Zneg|, Where Z € R(N+1)xD

Then, we obtain the similarity map S = T-Z". Since the
goal of Z, is to learn words other than the personal visual
concept, we supervise it to learn other words equally, which
can be formulated using S as,

\%

ne 1 .o
‘CZg:_ Z Villogs[zhy]a (3)
i=1,i#k

where j and k indicate the index of negative mask embed-
ding and the index of personal concept, respective‘}y.

Given original mask proposals Mopen € RT6 X 16 %N we
obtain a mask My, € R 15 %16 %1 that learns visual concepts
other than the personal concept, referred to as the negative
mask. With a learnable convolutional layer Wy, we obtain
a negative mask by using Mpen, Which is formulated as,

Mneg =Wu Mopen . (€]

With the ground truth mask of personal concept My, we
use 1 — My, as the ground truth mask for the supervision
of My, using the binary cross-entropy loss, which can be
formulated as,

Ly = —(1 — My) log(Mpeg) — Mg log(1l — Myeg). (5)
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For the final mask proposal, we use M = [Mopen; Mieg] €
R Hx ¥ x (N+1)

3.3. Injection of Visual Embeddings

Based on the observation that utilizing a single modality
(e.g. vision or language) for prompt tuning leads to a lim-
ited performance gain, recent studies [0, 17, 18] incorpo-
rate both representation spaces of vision and language mod-
els for prompt tuning. Inspired by such studies, we further
improve the performance of personalized OVSS by inject-
ing the visual information into the learnable textual embed-
dings, as described in Fig. 4 (b). Specifically, we bring a
pretrained image encoder I, (e.g. CLIP image encoder)
and forward a given image X. Then, we extract the feature
map F = L., (X) and select feature embeddings from the
feature map that correspond to the personal concepts using
the mask interpolated to match the resolution of F, denoted
as M, and average them. This masked visual embedding

gt
including the personal visual concept, Fy, is formulated as,

1 HW
Fper = Y FoM,, (6
i=1

HW /

Zj:l 1(Mgt = 1) =
where ©® indicates the element-wise multiplication. When
multiple images are given, we average Fp, of multiple im-
ages. Finally, during text prompt tuning, we replace Tpe
with ngrs = o Fper + (1 — ) - Tper, which is the inter-
polation between the masked visual embedding Fp.; and the
personalized textual embedding Tp,. To this end, our total

loss function is formulated as,

Etotal = £seg + )\l%egf’;eg + )\K/[egﬁlizg. (7)

4. Experiments

4.1. Experimental Settings

Datasets. We conduct experiments using three datasets:
1) FSS-1000 [21], 2) CUB-200 [34], and 3) ADE-20K-
847 [44]. Specifically, we bring pretrained OVSS models
and perform the personalization of a certain visual concept
on these three datasets. The models are pretrained with
COCO Stuff [4], so we assume that classes included in
the three datasets used for evaluation are regarded as open-
vocabulary words.

We evaluate the models depending on the number of im-
ages K used for personalization, which we set to K =
1,3,5. For the test sets, we include equal number of im-
ages including the personal concept and those without the
personal concept. We intentionally include the images with-
out the personal concept since models that are fine-tuned to
recognize personal concepts overconfidently predict other
concepts as personal concepts as well. Preventing such be-
havior is one of the main goals of our work, so we include

images without personal concepts in our test sets. We select
30 classes for FSS-1000 and ADE-20K-847, while using
all 200 classes for CUB-200. Since the selected classes and
evaluation settings are different from the original datasets,
we refer to the processed versions of FSS-1000, CUB-200,
and ADE-20K as FSSP*, CUBP®", and ADEP®, respectively.
Further details are included in the supplementary.
Evaluation Metrics. We mainly utilize two different eval-
uation metrics using intersection over union (IoU): IoUP*"
and mloU. IoUP* evaluates how precisely a given segmen-
tation model predicts the personal concept. Specifically, the
regions of the personal concept are considered as the pos-
itive labels, while the regions of other classes are all neg-
ative labels. For mloU, in addition to IoUP*', we include
IoU of other classes and average the values of IoU. Since
ADE-20K-847 originally includes the ground truth labels
for open-vocabulary classes, we use those labels for evalu-
ating mloU in ADEP". However, FSS-1000 and CUB-200
do not include the ground truth labels for open-vocabulary
classes, so we assume the predictions of pretrained open-
vocabulary segmentation models as the ground truth labels
for calculating mloU for FSSP®" and CUBP®". The main goal
of this work is to improve IoUP®" while maintaining a rea-
sonable level of performance on mloU.

Implementation Details. For the pretrained open-
vocabulary segmentation models, we utilize two represen-
tative open-vocabulary segmentation models, Side Adapter
Network (SAN) [40] and Open-vocabulary DIffusion-based
panoptic SEgmentation (ODISE) [38]. For SAN and
ODISE, we use ViT-B/16 CLIP model and ViT-L/14 CLIP
model, respectively. Since ODISE utilizes the diffusion
model, we use the Stable Diffusion v1.3 model [33] for it.
We train Tper, Wy, and W7 for 200 iterations. We initialize
the learnable textual embedding with the textual embedding
of the label of the personal concept using the text descrip-
tion ‘a photo of’ before the label. Further details on our
experimental settings are included in the supplementary.

4.2. Quantitative Results

For quantitative evaluation, we compare open-vocabulary
segmentation models without personalization and those
with our method. Specifically, the models without personal-
ization employ only text prompts for recognizing personal
visual concept, such as ‘black footed albatross’. Table 1
compares IoUP®" and mloU in personalized OVSS. Across
three datasets, our method improves IoUP*" when applied
to both SAN and ODISE, demonstrating its scalability. For
example, by average, we improve loUP*" of SAN by 12.48,
8.65, 15.79 for FSSP®", CUBP®, and ADEP¥, respectively.
While our method requires a few pairs of images and masks
for personal concept, we still improve IoUP*" even with one
sample, verifying the practicality in real-world applications.

Along with improving IoUP®, maintaining the origi-
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ToUPer mloU

Dataset || Method K=1 K=3 K=5|Avg |K=1 K=3 K=5| Avg
ODISE[38] | 1069 10.69 10.69 | 1069 | 23.86 23.86 23.86 | 23.86
© Qs 30.97 3301 3405 | 3271 | 2183 2268 2294 | 2248

per
FSSP "SAN[40] | 41.08 4108 4108 | 41.08 | 5568 5568 5568 | 55.68
Qi 4980 5409 56.80 | 53.56 | 56.40 5673 5585 | 56.32
ODISE [38] | 002 002 002 | 002 | 4748 4748 47.48 | 47.48
WO 530 590 599 | 576 | 45.16 4494 4488 | 44.99

per
CUB™  "GAN[40] | 6825 6825 6825 | 6825 | 7732 7732 7132 | 77.32
(0 7670 7721 76.80 | 76.90 | 77.36 77.85 7829 | 77.83
ODISE[38] | 124 124 124 | 124 | 1222 1222 1222 | 12.22
O 945 1085 1343 | 11.24 | 1221 1218 1218 | 12.19

per
ADEP ) g AN [40] 688 688 688 | 688 | 1720 1720 17.20 | 17.20
G 17.08 2480 2615 | 22.67 | 17.26 1721 17.19 | 17.22

Table 1. Comparisons on IoUP" and mIoU. We apply our method on both SAN [40] and ODISE [38] on FSSP*, CUBP*, and ADEP*. We

vary K, the number of images and masks, to 1, 3, and 5.

Text Neg.  Visual

Prompt Mask  Inject mloU TP 10U ion ToURCC
- - - 77.32 68.25 92.25 72.95
v - - 77.89 69.70 74.75 91.04
v v - 77.89 73.71 80.07 90.17
v - v 77.65 65.94 70.06 91.58
v v v 78.29 76.80 84.51 89.07

Table 2. Ablation study on our proposed method. We show how
each module contributes to the performance gain by reporting
mloU, IoUP, ToUPT i, and ToUp ).

nal OVSS performance is also important for personalized
OVSS. Table | also shows that our method maintains mloU
for both SAN [40] and ODISE [38] across three datasets.
This indicates that our method does not compromise the
OVSS performance for recognizing personal visual con-
cepts. Maintaining the original OVSS performance is cru-
cial for deploying such models in real-world applications
since users do not want their models to misrecognize ob-
jects that the models used to recognize well. To the best of
our knowledge, this is the first work to establish the experi-
mental setting of personalized OVSS task. We believe that
establishing such an experimental setting itself serves as a
large contribution to this field. Additionally, since this is a
newly proposed task, we lack baseline methods beyond the
open-vocabulary segmentation models without personaliza-
tion. For further demonstrating the superiority of our pro-
posed method, we compare our method with an approach
that replaces the learnable text prompts with visual embed-
dings, which we report in our supplementary.

5. Further Analysis

Ablation Study For an in-depth analysis of our proposed
method, we conduct experiments to investigate how each
component of our proposed method contributes to the per-
formance gain. Specifically, we show how applying text

prompt tuning, utilizing negative mask proposal, and inject-
ing visual embedding improves the performance. For abla-
tion study, we use CUBP* with K = 5 and SAN for the
dataset and the pretrained model, respectively. In addition
to mloU and loUP®", we report IoUp™ ;. and ToUpy,, to an-
alyze how IoUP®" improves regarding true and false positive

predictions.

As shown in Table 2, we observe that applying text
prompt tuning improves recognizing the personal visual
concept (IoUP*" of 69.70) compared to the one without per-
sonalization (IoUP®" of 68.25). While text prompt tuning
improves IoUP*" by increasing IoU™,. |, we observe a large
performance degradation on loUp? i, indicating signifi-
cantly increased false positives since the model overconfi-
dently predicts other objects as the personal visual concept.
To address this issue, we utilize the negative mask proposal
that improves ToUp' .., from 74.75 to 80.07, improving
IoUP to 73.71. On the other hand, while combining text
prompt tuning with visual injection improves IoUb. | it
rather degrades loUP . Our final method achieves the
best performance (IoUP*" of 76.80) with reasonable level of

both IoUP™ and IoUP?

precision recall®
Segmentation Results Fig. 5 and Fig. 6 shows the segmen-
tation results of our method on several samples from COCO
dataset [4] and CUBP®, respectively. Fig. 5 shows that per-
sonalized OVSS enables to identify my dog among multiple
dogs while OVSS without personalization fails to differen-
tiate my dog with other dogs. Fig. 6 visualizes the effect
of each module in our method. As shown in the first row
of Fig. 6, when performing personalization with only visual
embedding injected, the model also captures the other bird
as my bird, showing increased false positives. Additionally,
when only the negative mask proposal is applied without
the visual embedding injected, it fails to capture my bird.
Therefore, we need both modules to capture my bird while
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Figure 6. Segmentation results on CUB-200. We show the effect of each module in our method. Visual embedding injection alone identifies
my bird well but increases false positives. Negative mask alone reduces false positives but may miss my bird. Therefore, combining both

is essential for accurate segmentation.

not recognizing other birds as my bird. The second row also
shows similar tendency when there is a photo without my
bird. Such an qualitative analysis clearly demonstrates that
utilizing negative mask proposal prevents the model from
making false positives and visual embedding injection en-
riches the representation of textual embedding towards the
personal concept.

Comparison with Related Approaches To further demon-
strate that our proposed personalized OVSS is a challeng-
ing task, we compare our method with recent 1) open-
vocabulary method [10] and 2) few-shot segmentation
methods [36, 49]. Tab. 3 demonstrates that KNN-CLIP [10]
using CLIP fails to recognize the personal concept. Also,
Tab 4 compares our method with SEEM [49] and Seg-
GPT [36], which are recent state-of-the-art few-shot seg-
mentation methods. As shown, while SEEM and SegGPT
capture birds well (improved IoUS. ), they recognize other

recall
birds also as the bird we want to personalize (large degra-
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dation in IoUSf;CiSion). Such results show that even recent

models addressing similar tasks struggle to capture my per-
sonal concept among objects of same class.

Dataset H Metric ‘ ToUP"  mloU
CUBP || KNN-CLIP | 127 56.34
(K =5) || Ours 76.80 78.29

Table 3. Comparisons with KNN-CLIP on CUBP" with K = 5.

Dataset H Methods ‘ ToUPe" IOngcision Ion,):Crall
CUBP" SEEM 45.54 47.64 90.82
(K =1) SegGPT | 47.00 48.56 93.88

N Ours 76.80 84.51 89.07

Table 4. Comparisons with recent few-shot semantic segmentation
methods on CUBP" with K = 1.



Image Segmentation GT Mask Negative Mask

Dirt

Figure 7. Visualization of negative mask proposal. The white and
black pixels in the ground truth masks indicate the personal visual
concept and other regions, respectively. Our negative mask pro-
posal predicts the opposite, indicating that it learned the concepts
other than the personal concept.

5.1. Visualization of Negative Masks

We also visualize the negative mask proposals, which we
propose in order to prevent the model from making overcon-
fident predictions on other classes when learning the per-
sonal visual concept. As aforementioned, newly attached
negative mask focuses on learning all concepts other than
the personal visual concept. In other words, it outputs low
prediction values for regions associated with the personal
visual concept and high values elsewhere. Fig. 7 shows that
the negative mask well recognizes regions other than the
personal visual concept. Specifically, white and black pixels
in ground truth masks indicate the personal visual concept
and other concepts, respectively. The negative mask pro-
posal outputs the opposite values compared to the ground
truth mask, indicating that it outputs low prediction values
for the personal visual concept and high values for other
concepts. Adding such a mask focusing on other concepts
prevents the model from making false positives, as demon-
strated with improved IoUPS . . in Table 2.

precision

5.2. Discussion for Personalized OVSS

Personalized open-vocabulary semantic segmentation dif-
fers from traditional few-shot segmentation [1 1, 15, 24, 36,
41] or class-incremental learning [26, 28, 45, 48]. Un-
like few-shot segmentation that focuses only on recogniz-
ing a specific given concept, personalized open-vocabulary
semantic segmentation aims to maintain the capability of
open-vocabulary segmentation to segment objects using ar-
bitrary text descriptions while recognizing new personal
visual concepts. To enable various open-vocabulary seg-
mentation models to understand personalized concepts, we
design a simple and effective plug-in method based on
text prompt tuning. Furthermore, different from class-
incremental learning, which learns new classes sequentially
while retaining previous ones without open-vocabulary ca-
pability, our method leverages text prompt tuning to capture
personal concept based on open-vocabulary capability.
This approach enables segmentation of specific objects

Test Image Ours

Text Prompts: 'my dog', 'hat on my dog','dog’, 'hat’,
'boat', 'wall', 'curtain’, ..

Figure 8. Example on recognizing specific object (i.e. hat on my
dog) by combining the learned personalized prompt (i.e. my dog)
with the text prompt (i.e. hat on). Despite the presence of confus-
ing text prompts such as ‘dog’ and ‘hat,’ it can be observed that
the model recognizes the text prompts ‘my dog’ and ‘hat on my
dog’ when including the learned personalized prompts.

by combining text descriptions with personalized prompts.
For example, our method can recognize both ‘my dog’ and
‘hat on my dog’ instead of ‘dog’ and ‘hat’, as shown in
Fig. 8. We believe that the use cases shown in Fig. 8
clearly demonstrates the necessity of our newly proposed
task since the current studies in OVSS, few-shot learning,
and class-incremental learning fail to recognize ‘hat on my
dog’. Although we did not include such experiments in our
quantitative evaluation due to the absence of the evaluation
dataset, we believe that extending our work in such a direc-
tion would be an interesting future work.

6. Conclusions

In conclusion, this study proposes a novel task termed per-
sonalized open-vocabulary semantic segmentation, which
captures the personal visual concept provided from few im-
ages and masks utilizing a pretrained OVSS model. Unlike
existing few-shot segmentation or OVSS, which are limited
to segmenting only given visual concepts or fail to under-
stand personalized vocabulary, we extend OVSS models to
also comprehend personalized vocabulary, enabling them
to identify the personal concept among objects within the
same category. As aforementioned, such a task is impor-
tant when asking my robot assistant to find my favorite mug
cup among multiple mug cups in a cabinet. Observing that
existing studies do not have an established benchmark for
this, we conduct experiments on our newly proposed ex-
perimental setting with processed datasets FSSP®", CUBP*,
and ADEP®. This paper also proposes a method including
text prompt tuning, negative mask proposal, and injection
of visual embedding, which could be applied to existing
OVSS methods. Considering the importance of this task,
we hope that our work will inspire future researchers to
delve into personalized Al systems from recognizing only
general words to also understanding personal words, thus
moving towards more personalized Al that adapts to indi-
vidual contexts and preferences.
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